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Introduction
Do information and communications technologies (ICTs) impact productivity? This question has been extensively studied in the developed world since the introduction of the first computing technology in the 1950s. In the United States, for example, a large body of evidence demonstrates the positive effect of ICTs on economic dimensions such as wages, supply and demand of factors (Katz & Murphy, 1992; Krueger, 1993; Acemoglu, 1999) . These patterns are also found in other developed countries, where ICTs have been found to contribute 0.2-0.9 percentage points per year to economic growth (Colecchia & Schreyer, 2002) . The canonical model presents a framework to explain why ICTs impact economic variables. This model incorporates supply and demand for different skills, which are imperfect substitutes but produce similar goods. Technology can complement either high-or low-skilled workers, which in turn produces an increase in the demand for one group or the other (Katz & Murphy, 1992) . The idea of a direct link between a specific type of worker and ICTs implies that technology has a heterogeneous impact on the labor market. According to this model, technology has simplified routine tasks and solved complicated problems, creating a specific wage distribution curve in which highly skilled workers are at the top and middle-skilled workers are at the bottom in the developed world (Autor et al., 2003; Michaels et al., 2014) . Although this model is very useful for calculations and explanations, Acemoglu and Autor (2011) developed an improved version to demonstrate that in rich countries technology has depressed the real wages of low-skilled workers, created non-monotone changes in the earnings distribution, and reduced the need to hire middle-skilled workers, among other effects.
The heterogeneous effect found in the wage distribution can also be observed in social relationships, including personal and political behavior, in which ICTs follow a model of "the rich become richer", which means that technology exacerbates pre-existing inequalities, and the exact effects depend mainly on individual personalities. For example, extroverts using the Internet have better results in social involvement than introverts (Kraut et al., 2002) . However, other studies suggest the Internet is a tool that can help close the gap between the least and most advantaged populations (Steinfield et al., 2008) . This technology can even build a bridge of communication between politicians and their electorates to reduce, at least to some degree, the asymmetry of information between government actions and what people need to improve their living conditions (Garcia-Murillo, 2013) . The public sector can use ICTs to develop policies to reduce gaps along different dimensions, particularly in rural areas. Do ICTs have a similar effect in developing countries, especially in Latin America? This relationship has been less frequently explored in this region for three main reasons. First, there is a lag in the absorption of ICTs in the developing world. Europe and North America, for example, have around 84 Internet users per 100 people, while South America has only 51 (World Bank, 2015) . Second, there are no specialized databases that contain common information between countries, which is needed in order to produce standardized indicators to compare within the region. Third, estimating the impact of ICTs on different dimensions requires smart approaches because non-random access complicates the process of conducting an experiment. Nonetheless, the effect of ICTs in Latin America is a highly relevant question since they can be a powerful tool to improve living conditions and overcome poverty traps.
Colombia offers a unique opportunity to analyze how ICTs affect different dimensions of the labor market of a developing country that has experienced a recent growth in the number of Internet users because it has a database, which has never been used before, that makes it possible to present heterogeneous effects depending on workers' skill levels. It is also possible to test whether this country follows the prediction of the canonical model, and its expansion as carried out by Acemoglu and Autor (2011) , or whether it is necessary to develop another model for developing countries.
The following three questions focus on the effect of the Internet in Colombia's wage distribution curve. First, is the increased efficiency in some work tasks generated by ICTs valued and compensated for in the labor market? A sophisticated improvement using ICTs, such as computers programming by themselves, is not necessary; whenever workers can either communicate easier or access information faster, they may receive a salary increase. Indeed, it is also important to analyze how this effect changes over time, since there is evidence that the wage premium has decreased in the United States from 2000 to 2001 (DiMaggio & Bonikowski, 2008) . Second, given that people are more likely to use the Internet at work in productive activities than at home, is there a higher wage premium for using ICTs in the workplace? Third, the Internet offers different kinds of applications for education, communication and entertainment, but can the labor market differentiate workers' efforts, at least imperfectly, in productive activities? For example, do employees using the Internet for education receive a higher reward than those who use it for entertainment purposes? Finally, there is considerable evidence from the developed world that technology has polarized the labor market into low-skilled workers with low salaries and high-skilled workers with high salaries (Acemoglu & Autor, 2011; Autor, 2015) . To explore whether a developing country such as Colombia follows this pattern, I analyze the heterogeneous effects of ICTs on workers' income levels along three dimensions: places of access, activities on the web and workers' skills. This empirical support presents important ideas about how developing countries, especially those that are the most socioeconomically disadvantaged, can obtain the greatest benefits from using the Internet. This paper uses Propensity score matching (PSM) techniques and nonparametric models to estimate the effects of the Internet on labor income. Although this model has some drawbacks, including the requirement to have individuals with the same probability of using the Internet in the treated and control groups (a technique known as a common support), the results must not change depending on the exclusion or inclusion of controls, and they must be robust to changing the matching method used (Abadie & Imbens, 2006) . The paper presents several tests to demonstrate that these issues are overcome, and that it is possible to reliably estimate average treatment effects on the treated population.
The results address the hypotheses individually and demonstrate a positive and significant correlation between using the Internet and labor income. On average, Internet users earn 6.5% of one standard deviation (SD) more than non-users. Using this technology at work increases wages 11% more than using it at home, and users in productive activities earn 7.1% of one SD more than those who use the Internet for other applications. The wage premium depends on the tasks performed in a specific occupation, which proxies for skill level. Workers in the middle of the skill distribution in Colombia have benefited the least from using the Internet, which parallels trends in the developed world. Nonetheless, and contrary to the evidence gathered from the richest countries, the highest wage premium is found in the lowest tail of the distribution, where farmers and miners using the Internet gain 20.7% of one SD more than nonusers in the same occupation. I find that the canonical model is applicable to the Colombian case, while Acemoglu and Autor's (2011) extension of the model partially applies in this situation given the fact that the salary distribution curve has a u-shaped form.
In the developing world, the relationship between ICTs, income, education and other variables has been explored extensively. To the best of my knowledge, this study is the first to use household surveys, non-parametric models and fixed effects of firm size, occupation and economic sector to analyze the Internet's impact on the wage distribution in Colombia. Therefore, it presents new evidence and methodology related to Colombia, a benchmark for other developing countries, and provides corresponding technical support to justify investments in ICTs.
The remainder of the paper is structured as follows. Section 2 reviews the literature on the mechanism of the impact of new technologies and earnings. Section 3 describes the basic statistics of Internet use around the world as well as the descriptive statistics related to the hypotheses. It also presents the empirical strategy, which uses non-parametric models. Section 4 describes the results of tests of the matching model and addresses each of the hypotheses individually. Finally, Section 5 discusses the results and how the Colombian case is related to the international literature.
New Technologies and Earnings
Many studies have explored the relationship between technology and wages, mainly in the developed world. Since the start of the computing era, there has been a rise in the demand for college graduates who can use this new technology, which creates a wage premium that favors technology users over the long term. This is also known as the canonical model, which has empirically explained the evolution of the skill premium generated by computers (Acemoglu & Autor, 2011) . Computers can replace workers in some repetitive manual tasks, and help them carry out non-routine tasks such as communication and problem solving (Card & DiNardo, 2002; Autor et al., 2003) . The variations in wages are not uniform across skill levels, because the lower premium is at the middle of the distribution rather than the bottom, and the relationship between wages and skills has a u-shaped distribution. Indeed, the automation generated by technology reduces the demand for middle-skilled workers more than for lower-skilled workers (Autor & Dorn, 2013) . This pattern is also found in 16 countries in Europe (Goos et al., 2009) and the United Kingdom (Acemoglu, 1999; Goos & Manning, 2007) .
The current labor market mainly requires the use of ICTs to access quality jobs because online skills help people perform their work more efficiently. Workers of relatively high ability are more likely to move to non-routine cognitive occupations, while people with low abilities tend to stay in routine jobs with a lower potential for salary growth (Cortes et al., 2016) . The Internet also makes it easier for workers to move to better jobs, because the demand for labor is concentrated in urban areas (McDonald & Crew Jr, 2006) . In the United States, workers who use the the Internet earn 13.5% more than non-users. This wage premium is even higher in industries that are less intensive in technology, in which the only people who use Internet are those who can perform the most difficult tasks (Goss & Phillips, 2002) . Using panel data, DiMaggio and Bonikowski (2008) also found a 20% increase in the hourly wages of workers for using Internet, not just computers. Bartel et al. (2007) found that companies encourage workers to undertake training in computers when they invest in ICTs. Gust and Marquez (2004) , for example, show that the more flexible regulation in information technology in the United States partly explains its higher productivity than some countries in the OECD, such as Germany, France, Italy and the United Kingdom. Paunov and Rollo (2016) emphasize that using the Internet also increases productivity in developing countries, and find that firms with the most sophisticated productivity experience the greatest gains from this technology.
The massive shift within the media to online channels has made the web a center of culture, education, politics and personal relationships, which has made the Internet as important in the labor market as in daily life. This technology can help reduce individuals' sense of isolation, social exclusion and decrease the impact of physical disabilities, which also affect productivity (Foley, 2004; Chigona et al., 2009; Dobransky & Hargittai, 2016) . Big changes in technology are not required in order to produce significant effects on the quality of life. Blanco and Vargas (2014) , for instance, show that sending messages to vulnerable populations explaining their rights and where they can ask for them increases access to public aid and their welfare. Thus, this study explores the uses of technology in the developing world, which can inform policies and projects designed to increase the use of the Internet.
Data and Empirical Strategy
There is generally a positive correlation between Internet users and income around the world (Katz & Murphy, 1992; Colecchia & Schreyer, 2002 ; S.-Y. T. Lee et al., 2005) . Figure A-1 shows that an increase in the number of Internet users is positively correlated with the logarithm of per capita GDP. However, there is heterogeneity between regions. The developed world is at the top right of the figure with high levels of income and Internet users, while Latin America is in the middle of the figure with around 45 Internet users per 100 people and lower income levels. Whereas in 1994 only 0.10% of Colombians used the Internet, by 2016 this had increased to 58%, representing an average growth of 22% per year over the last two decades (World Bank, 2015) . The United States, a benchmark in the developed world, surpassed Colombia's current Internet penetration rate in 2002, and in the last year it reached 76% (World Bank, 2015) . However, the average growth in the United States over the last 20 years has only been 8% per year, a much lower rate than in Colombia (World Bank, 2015) 1 .
To analyze the hypotheses in Colombia, this study uses the Great Integrated Household Survey (GEIH, acronym in Spanish) conducted yearly from 2009 to 2011. This is a nationally representative cross-section survey and it contains demographic and industry data at the industry level. The dependent variable is standardized monthly labor income, and the sample is restricted to workers aged 1 The Colombian government invests 0.8% of its total budget in ICT projects; this sector ranks 15 out of 30 with the highest investment (MinHacienda, 2014). 18 to 65. This sub-sample is used in order to be able to compare the Colombian case with other countries with different levels of income, presented by DiMaggio and Bonikowski (2008) and Benavente et al., (2011) . The results are robust to using the full population. Only this wave included questions on whether respondents had used the Internet in the last 12 months and where they accessed the Internet 2 . The survey also asked respondents whether they use the Internet for education or finance, which I used to analyze productive activities 3 . Finally, I used responses related to the frequency of Internet use in my robustness checks 4 .
Controlling for economic activities, occupation and firm size is one of the most important aspects of this study because this information proxies for productivity, which is an important improvement compared with other studies. These variables reduce possible omitted variable bias because they create a cell, as small as possible, in which two workers have the same ability, but one uses the Internet and the other does not. Economic activity is divided into 13 sectors using the Classification of All Economic Activities (ISIC, 2008) : agriculture, mining, manufacturing, electricity, construction, transport, financial service, housing sector, public administration, education, health and domestic service. Occupations are classified into 10 categories using the Standard Occupational Classification System (SOCPC, 2010): professional specialty, executive and managerial, service, sales, machine operator, cleaners and laborers, professional products, transportation, farming and mining. Firm size comprises five categories depending on the number of workers. Each category of the variable is included as a fixed effect in all estimations. Therefore, these covariates indicate the productivity of each worker and compare Internet users and non-users in the same firm's economic activity (sector), in the activities that workers perform (occupation) and in the places they work (firm size).
Using this database, it is possible to build a general profile of Internet users. Table 1 presents the respondents' individual characteristics by location of access and productive activities on the web. It is clear that these aspects are not mutually exclusive, because an individual can use the Internet anywhere. On average, Internet users are women, younger, better educated, well paid, and have more experience with technology than non-users. Around 40% of people in both groups are homeowners, and thus enjoy a similar standard of living. Both groups have similar locations of access and activities in the Internet. These characteristics 2 The options were accessing the Internet at home, at work, in educational institutions, in free public access centers, in paid access centers, in the house of another person. The original question was worded "How often do you use Internet?" The options are at least once a day; at least once a week, but not every day; at least once a month, but not every week and less than once a month.
show that it is possible to find similar individuals who use and do not use the Internet, which is an advantage of using a household survey. Table 2 shows Internet users distributed by firm size, economic sector, occupation and type of worker. Whereas big companies have the highest number of Internet users (78% of workers), the number of productive users is smaller than non-productive users in all firm sizes. Small companies seem to have the poorest control over employees' activities on the web, because only 22% of workers use the Internet for education and financial activities in these companies.
Access to and activities on the web by occupation does not present a ushaped distribution in Colombia. The financial services sector, which has the highest percentage of Internet users and average wage, has more than twice as many people using the Internet for education and financial services as the lower-income domestic service sector. Indeed, there are almost three white-collar workers for every two blue-collar workers using this technology. This does not represent evidence against a possible u-shape in the wage curve given the fact that the low supply of Internet users in a certain occupation can result in a wage premium depending on whether there is a large demand for workers with this skill in a particular sector.
The literature is divided over which way of estimating the relationship between new technologies and earnings is more effective: parametric models using ordinary least squares (OLS) or non-parametric models using PSM techniques. First, Krueger (1993) was the pioneer to find a wage premium for using ICTs. There is also evidence, using the same model, for countries such as the United States, United Kingdom and Australia (Goss & Phillips, 2002; Arabsheibani et al., 2004; Chiswick & Miller, 2007) . Second, Rosenbaum and Rubin (1983) use the PSM method to conduct causal inference, and many impact evaluation policies use this methodology (Heckman et al., 1998; Heckman et al., 1999) . This approach is widely used to analyze household survey data related to ICTs and labor income (DiMaggio & Bonikowski, 2008; Navarro, 2010; Benavente et al., 2011) .
Parametric models estimate bias coefficients since they do not address two issues: omitted variables and the reflection problem. The associate coefficient for using the Internet may reflect the fact that some workers were more productive even before using the Internet (Entorf et al., 1999) . It is also possible that Internet connections are expensive, and only well-paid workers can afford access, which implies reverse causality. Indeed, DiNardo and Pischke (1997) doubt the empirical results in favor of using ICTs, particularly computers. Even though they find a similar wage premium for using computers in Germany and the United States in 1997, they argue that there is also a large wage premium for using calculators, telephones, pens and pencils. They claim that those results show the problem of selection bias, where workers' characteristics decide whether they have access to these tools. According to these authors, given the unlikelihood of devising an experiment in which Internet access is randomly assigned, the best way to estimate the effect of technology is to include education and fixed effects in the model. There is no evidence of a computer wage premium in countries such as Ecuador or Great Britain, where computer skills are not as important as math and reading skills (Oosterbeek & Ponce, 2011; Borghans & Ter Weel, 2004) . S.-H. Lee and Kim (2004) only find a premium wage for Internet users in the United States for 1997; they find no statistically significant results for 1998 or 2000.
The first way to analyze the correlation between income and Internet use is to estimate equation 1 using the OLS method:
( 1) where Y ifmt is the monthly standardized labor income of individual i, working in a firm, economic activity and occupation f, in municipality m in year t. Internet ifmt is the treatment variable, equal to 1 if a worker uses the Internet, and 0 otherwise. X ifmt are socio-demographic variables such as age, education, and experience with technology. κ imt is a set of fixed effects that combines firms' size, economic sector and occupation 5 . These variables build a cell that compares Internet users and non-users controlling for workers' ability. This is a good proxy, because it shows where a person works and what she or he does there. 5 κ imt can be also written as: κ imt = κ ismt + κ iemt + κ iomt ., where κ ismt is firm size fixed effect, κ iemt is the economic sector fixed effect and κ iomt is occupation fixed effect.
Meanwhile, δ m is the municipality fixed effect, which controls for aggregate shocks at the municipal level such as geographic and weather conditions. It also controls for relevant variables related to characteristics of cities, such as the fact that big cities have a higher probability of accessing the Internet because they enjoy more services than small ones. γ t is the year fixed effect, which controls for aggregate shock in time such as inflation or macroeconomic conditions of whole country. µ ifmt is the error term.
How can we estimate the impact of ICTs on the labor market? It is unlikely to find a natural experiment in which ICT access is randomly assigned. A controlled experiment can even fail, since people assigned to not use the Internet can easily find different ways to access the web such as via smartphones. For example, the experimental evaluation of Colombia's Computer for Education program experienced problems with treatment group confidence, and randomly receiving computers at school was not found to impact students' test scores. This does not necessarily mean that computers are not useful for education; the authors argue that the results are explained by the failure to incorporate them into the educational process (Barrera-Osorio & Linden, 2009) . In this context, PSM is a useful method of finding unbiased estimators when the treatment group is not randomly assigned. Intuitively, this non-parametric model allows us to find, for each Internet user (i.e., treated individual), an individual who is exactly the same, except they do not use the Internet. This model assumes that the treatment is determined exclusively by observable variables of the individuals, and that gaps in unobservable variables are closed at the same time as gaps in observable variables, which is called conditional independence (Angrist & Pischke, 2009) . How does PSM work in comparison to an experiment? Dehejia and Wahba (2002) consider causal inference and sample selection bias in nonexperimental cases in which only some individuals in the treatment and control groups are comparable, and building a sub-sample of individuals who share pre-treatment characteristics is difficult. They replicate the results of LaLonde (1986) involving an experimental evaluation of a training program in the United States using the PSM methodology. They conclude that both methods succeed at focusing on the small sub-set of treated and control individuals, which is the common support in matching models. Using these models, Navarro (2010) finds that the Internet has increased labor income in Honduras (30%), Brazil (29%), Chile (26%), Costa Rica (24%) and Mexico (18%). Paraguay is the only country in his sample that did not demonstrate a statistically significant effect.
The matching process requires two steps. The first step is estimating the propensity score using a probit model, which is a conditional probability of using the Internet following equation 2:
where Internet ifmt is a dichotomy variable equal to 1 if a worker uses the Internet. The controls are demographic characteristics, firm size, economic sector, occupation, and fixed effects of the municipality and time, the same variables as in equation 1. In the second step, using the propensity score, each treated individual is matched with a control individual, reducing the gaps in observable variables between Internet users and non-users. The PSM calculates an average effect of the treatment on the treated (θ ATT ), which means the estimated parameter is only for a sub-sample, in this case workers, instead of the full sample (Angrist & Pischke, 2009) . Equation 3 shows the general coefficient estimated by PSM. (3) where θ ATT is the difference in the outcomes between the most similar treated and control workers. I is the number of workers in the sample, Internet i is the treatment, and equal to 1 when individual I uses the Internet. c i is the set of control workers, who do not use the Internet but are very similar in all other characteristics. The simplest and most intuitive way to match workers is by using the nearest-neighbor distance, which compares a treated individual with the closest control individuals in propensity score, following the Euclidean distance. This method, however, can be powerless to close gaps in observable variables when there are many covariates and fixed effects, which risks being unable to compare the most similar individuals. The Mahalanobis distance, meanwhile, offers the advantage of closing gaps in most variables because the distance includes a matrix of variance and covariance of characteristics, which gives more information with which to match treatments and controls (Rubin, 1978) . This paper does not use instrumental variables for two main reasons. First, using household surveys provides the opportunity to control for all the necessary characteristics related to using the Internet. In addition, including fixed effects for municipality, sector and industry makes comparisons between two types of individuals, Internet users and non-users, as close as possible. Second, it is almost impossible to think of an instrument as relevant and exogenous if it is correlated with using ICTs but not income. This variable needs to vary across individuals, or at least within households, given the available information. Every type of exogenous variation related to geography, such as the slope of the municipality, is included in the model for the fixed effect of cities. This study uses the requirements suggested by Dehejia and Wahba (2002) and Abadie and Imbens (2016) to yield an accurate treatment effect in non-experimental settings.
Results
The OLS model shows there is a positive correlation between Internet use and income in Colombia, controlling for socio-demographic characteristics, firm size, economic sector, occupation, and fixed effects of municipality and time (results reported in Table 3 ). This correlation is statistically significant under different specifications. Workers gain 6.9% of one standard deviation more when they use this technology. Although this model includes controls for industry characteristics, a proxy for productivity, it estimates bias coefficients; it is therefore necessary to use PSM. The first step in implementing this methodology is to run a probit model using equation 2. Table 4 presents the marginal effects for different treatments: Internet users, place of access, and activities on the web. The control group is not using the Internet for the first two cases and is using this technology for entertainment for the last case. Whereas schooling and experience using devices increase the probability of using the Internet in all treatments, age reduces the probability. In the labor market, working in a big firm, in financial services or as an activity demanding at least some years in college, and professional activities, increases the probability of using the Internet on both places of access and in productive activities.
One of the main drawbacks associated with using matching models is that they must overcome three main tests to find unbiased estimators (Smith & Todd, 2005; Arceneaux et al., 2006; Porto, 2016) . The first requirement is a common support in the probability of using the Internet between treated and control groups, which Dehejia and Wahba (2002) call a sub-set of units. Figure A-2 shows the propensity scores for Internet users vs. non-users, where 90% of the sample is located at the intersection between the probabilities of both groups. In this common support, the matching method looks for treated and control individuals who are as similar as possible in all the covariates. Notes: Robust standard errors are shown in parentheses. *** is significant at the 1% level, ** is significant at the 5% level, * is significant at the 10% level. FE denotes municipality and time fixed effects. Internet users are workers accessing from any of the following places: at home, at work, in educational institutions, in free public access centers, in paid access centers, in the house of another person (relative, friend, neighbor). Internet at home ( Second, the matching method has to close most of the gaps in observable and unobservable characteristics between Internet users and non-users. Table 5 presents the differences in averages between treated and controlled individuals before and after the matching process, using two different methods: the nearestneighbor distance with five neighbors and the Mahalanobis distance. In the unmatched sample, all the differences are statistically different from zero. After using the nearest-neighbor method, there are still many differences between Internet users and non-users; even using 1 neighbor or 10 neighbors the gaps do not close, as shown by Table A-2. Using the Mahalanobis distance, however, closes the gaps for all the variables, showing that the matrix of variances and covariances, in this case, is much more informative for matching individuals. Closing the gaps reduces the possibility of reverse causality, because the small cells compare a clone in socio-demographic characteristics, in the same firm, performing the same occupation, and it is unlikely that workers were already rich before accessing the Internet.
Finally, estimated coefficients have to be robust to changes including controls and the matching method used. Table 6 presents a statistically significant positive correlation between the Internet and labor income in two matching methods and different specifications. Column 5 shows that Internet users earn 6.5% of one standard deviation more than non-users, using the Mahalanobis distance method and all the covariates. Is this coefficient large or small in magnitude? Considering that 54% of Colombia's population lives with one minimum wage income, which is defined as the minimum amount of money to have a basic standard of living Notes: Robust standard errors are shown in parentheses. *** is significant at the 1% level, ** is significant at the 5% level, * is significant at the 10% level. FE denotes municipality and time fixed effects. (MinTrabajo, 2014 ). An increase of 6.5% of one standard deviation is equivalent to 11% above one minimum salary. This means that using ICTs can definitely help workers pass this threshold. How does this coefficient change over time? Using the available information, Table A-3 estimates the matching model for each year separately. Whereas Internet users earned 7.8% more than non-users in 2009, the coefficient is 22% less in 2011.
The literature identifies a wage premium depending on where people use the Internet. The matching method presented in Table 7 shows that differences in wages amount to 28.4% and 17.4% of one standard deviation from using the Internet at work and at home, respectively. This means that the labor market Notes: Robust standard errors are shown in parentheses. *** is significant at the 1% level, ** is significant at the 5% level, * is significant at the 10% level. The row M-NN shows the result using the Nearest-Neighborhood matching method with 5 neighbors. The row M-MD presents the results using the Mahalanobis distance method. Notes: Robust standard errors are shown in parentheses. *** is significant at the 1% level, ** is significant at the 5% level, * is significant at the 10% level. FE denotes municipality and time fixed effects. The nearest-neighbor method uses 5 neighbors. Notes: Robust standard errors are shown in parentheses. *** is significant at the 1% level, ** is significant at the 5% level, * is significant at the 10% level. All the controls are sociodemographic, firm size, economic sector, occupation, municipality and time fixed effects. The control group for columns 1, 2 and 3 is Internet non-users, and for column 4 it is Internet users who use the Internet for non-productive activities. Internet users are workers accessing from any of the following places: at home, at work, in educational institutions, in free public access centers, in paid access centers, in the house of another person (relative, friend, neighbor). The number of observations shows the individuals in the common support for the PSM using Mahalanobis Distance. The OLS number of observations is 462,014.
(imperfectly) identifies what people do on the web, and higher incomes relate to using the Internet for productive activities. What about actions using this technology? The last column in Table 7 shows that workers who use the Internet for education and financial services earn 7.1% of one standard deviation more than those who use the Internet for less productive tasks, such as searching for music and videos. An additional dimension analyzed in this paper is the intensity of using this technology. Table A -4 estimates the four treatments only for people who claim to use the Internet every day. Internet users and productive users who access it daily earn 18% and 13%, respectively, more than those who do not necessarily use it daily 6 . Is there a heterogeneous effect depending on the workers' skill levels? Table 8 estimates the results of using the Internet divided into occupations. Those who benefited the most from using the Internet are the lowest-skilled workers in farming or mining, who earn 20% of one standard deviation more than non-users in the same occupation, followed by the highest-skilled workers in professional specialties, who earn 0.2% less than farmers or miners who use the Internet. Seven sectors out of ten have a positive and statistically significant coefficient between 2.7% and 10% of one standard deviation. Figure A-3 summarizes the results of this table, showing that the effect of using the Internet in the Colombian labor market has a u-shaped distribution depending on occupation.
Conclusion
Although a large international literature demonstrates that ICTs have a positive impact on salaries, the evidence in the developing world is scarcer. This paper uses the Colombian case to analyze the heterogeneous effects of Internet use in the wage distribution curve, using matching methods. It finds a positive and significant effect of using the Internet. Whereas the lowest wage premium is for Internet users in the middle of the skill distribution, the highest increase in income is for Internet users who work in the lowest-skilled occupations, farming or mining, followed by highly skilled professionals. In relation to other international experiences, the effect of using ICTs has decreased over time due to an increase in the supply of workers who know how to use these tools.
Colombia presents the same pattern as developed countries: even though the United States has more Internet users than Colombia, both present a decline in the effect of Internet use over time. In terms of heterogeneous effects across abilities, the evidence for the developed world partially holds in a developing country such as Colombia. On the one hand, there is a complementarity between 6 Guataqui, Martin, and Porto (2016) find that self-employed workers and salaried workers are very different in several characteristics, including who pays for the Internet. Whereas the former probably pay directly for this service, the latter do not. Thus, Table A -5 shows that self-employed workers earn around twice as much as salaried workers who use the Internet. 
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Notes: Robust standard errors are shown in parentheses. *** is significant at the 1% level, ** is significant at the 5% level, * is significant at the 10% level. All the controls are socio-demographic, firm size, economic sector, occupation, municipality and time fixed effects. Internet users are workers accessing from any of the following places: at home, at work, in educational institutions, in free public access centers, in paid access centers, in the house of another person (relative, friend, neighbor) . The number of observations shows the individuals in the common support for the PSM, using Mahalanobis Distance. The OLS number of observations is around 10% more of the mentioned. Occupation is built using the Standard Occupational Classification System (SOCPC, 2010).
higher-skilled workers and the Internet. On the other hand, this relationship is not unique and lower-skilled workers also gain from using this technology. As shown above, there is a low supply of Internet users in this occupation, compared with other sectors, which makes Internet users very valuable in the labor market.
One of the key findings of the paper is that the Internet seems to have the smallest impact on the middle of the skill distribution. One possible reason for this is the lack of complementarity of ICTs with these occupations. Transportation workers, cleaners and laborers are at the bottom of the wage distribution presumably because the Internet is not frequently used in these occupations. There are some companies looking for ingenious solutions to reduce costs in the communication between demand and supply in these sectors, which may suggest that perfecting these applications could increase the magnitude of the effect. Another possible reason for this finding is that these occupations are at a high risk of disappearing in the future. Workplace automation could decrease the demand for workers in these tasks, at the expense of an increase in the demand for these new technologies. It is therefore necessary to delve more deeply into the possible impacts of these applications in the developing world, which despite going a step backwards in terms of absorbing ICTs can lead to undesired effects.
These results show that the Internet could reduce the income inequality gap between occupations, which is already large in Latin America. Colombia, for example, has one of the highest Gini coefficients in the world, around 51. Some previous studies show that ICTs can reinforce pre-existing socio-economic inequalities, although the u-shape curve in the Colombian labor market wage distribution shows that the Internet serves as an equalizing factor in the wage distribution, at least between the highest-and lowest-skilled workers. The developing world needs public policies on ICTS to help overcome poverty.
Since the worldwide trend is to increase access to ICTs, future studies should examine the heterogeneous effects of such access depending on the place of access and particularly the effects of activities on the web. It is very important to understand which access-use patterns are more directly associated with an increase in productivity, and which sectors benefit the most from these policies. Notes: Standard errors in brackets. *** is significant at the 1% level, ** is significant at the 5% level, * is significant at the 10% level. Robust standard errors are shown in parentheses. *** is significant at the 1% level, ** is significant at the 5% level, * is significant at the 10% level. The row M -1 shows the result using the Nearest Neighborhood matching method with 1 neighbor and M -10 the same matching method with 10 neighbors. Notes: Robust standard errors are shown in parentheses. *** is significant at the 1% level, ** is significant at the 5% level, * is significant at the 10% level. All the controls are sociodemographic, firm size, economic sector, occupation, municipality and time fixed effects. The number of observations shows the individuals in the common support for the PSM, using Mahalanobis Distance. The OLS number of observations is 462,014 in column 1, 145,212 in column 2, 153,506 in column 3, 163,296 in column 4. Notes: Robust standard errors are shown in parentheses. *** is significant at the 1% level, ** is significant at the 5% level, * is significant at the 10% level. All the controls are sociodemographic, firm size, economic sector, occupation, municipality and time fixed effects. The control group for columns 1, 2 and 3 is Internet non-users, and for column 4 it is Internet users in non-productive activities. Internet users are workers accessing from any of the following places: at home, at work, in educational institutions, in free public access centers, in paid access centers, in the house of another person (relative, friend, neighbor) . The number of observations shows the individuals in the common support for the PSM, using Mahalanobis Distance. The OLS number of observations is 462,014. Notes: Robust standard errors are shown in parentheses. *** is significant at the 1% level, ** is significant at the 5% level, * is significant at the 10% level. All the controls are sociodemographic, firm size, economic sector, occupation, municipality and time fixed effects. The control group for columns 1, 2 and 3 is Internet non-users and for column 4 it is Internet users in non-productive activities. Internet users are workers accessing from any of the following places: at home, at work, in educational institutions, in free public access centers, in paid access centers, in the house of another person (relative, friend, neighbor) . The number of observations shows the individuals in the common support for the PSM, using Mahalanobis Distance. The OLS number of observations is 273,733 for salaried workers and 188,281 for self-employed workers. Tables 1 and 2 , for 10 sub-samples depending on occupation. Each category is built using SOCPC (2010).
